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Abstract Much is made of the diversity for MOOCs learners—with their varied
motivations and interests; yet MOOCs are often run and judged on the assumption
that learners would progress through the course in its entirety, to completion. This
paper presents an analysis of three recently delivered MOOCs that were designed to
support a broader set of learner goals. A modular design was used, where each part
included well defined learning outcomes and assessment criteria, and where com-
pletion was rewarded with digital badges. The paper proposes a new categorisation
of learner achievement and methods of visualising learner behaviour that compli-
ment this more open design. Results show that this approach recognises micro-
learning that is missed if only completion rates are considered.
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Overview
This article begins with a summary of literature that is relevant to defining the
success of learners on MOOCs (Massive Open Online Courses), and how a set of
three MOOCs were designed to allow both greater autonomy and more accurate
recognition of achievement. The research methodology and methods of data
collection are through which this design is assessed are then described. A new
system of categorising learner achievement in MOOCs is proposed, and used to
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that can be drawn from the data are discussed and potential future opportunities for
research are highlighted.
Background
MOOCs arguable reached mainstream recognition in 2011 when the Introduction to
Artificial Intelligence course, run by Sebastian Thrun and Peter Norvig at Stanford
University, reached 160,000 enrolments (Rodriguez 2012). The availability of
MOOCs has since grown rapidly, with over 4200 having been released up to the end
of 2015 (Shah 2015).
The Academic Innovation Hub, at the University of Derby, developed and
delivered three MOOCs in 2015/2016. The first titled ‘‘Digital.Me: Managing your
Digital Self’’ (henceforth referred to in the short form Digital.Me), the second titled
‘‘Bridging the Dementia Divide: Supporting People Living with Dementia’’
(henceforth referred to as Dementia), and a third titled ‘‘Innovating in Operations
Management’’ (henceforth referred to as Operations Management). All three
MOOCs were delivered through the Canvas.Net platform, and ran for eight weeks—
with 6 weeks of content/activities, a week for an optional peer review assignment,
and a final week contingency to complete any unfinished units. These MOOCs
reused some existing materials, but for the most part were designed specifically to
be run as MOOCs, and consisted of newly commissioned text and video content.
Two main classifications of the design philosophy of MOOCs have come into
use: xMOOCs—following a similar content-driven approach to standard online and
on-campus courses; and cMOOCs—courses built around connectivist principles and
collaboration between learners (Kennedy 2014). However, alternative classifications
have been suggested, with Clark (2013) providing a set of eight distinct
classifications at one extreme, and Conole (2013) suggesting the removal of
classifications and instead defining MOOCs individually in ten dimensions. For this
article it is sufficient to say that although discussions formed the core activity within
the three University of Derby MOOCs, the volume of provided content and structure
to discussions would place them in the xMOOC category.
MOOCs differ from traditional Higher Education courses primarily due to their
open nature—with the courses officially available to anyone able to obtain an email
address, such as over the age of 13 under EU law (European Commission 2012). In
order to support the widest possible range of learners, while still facilitating an
individualised and active approach (Jasnani 2013), the decision was taken to make
all of the content in these courses available from the start. This would allow learners
to adopt their own strategy, such as following the course synchronously with the
provided support, complete at their own rate, join late and catch-up, or just access
materials that they were interested in.
There is a growing consensus that completion of the whole course is not the best
criteria for analysing MOOCs (Ho et al. 2014; Hayes 2015); but instead a more
granular approach should be followed (Lackner et al. 2015).
All three MOOCs consisted of six units with a digital badge available for
completing each one. Each unit was self-contained, with its own identified learning
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outcomes verified through a UK Higher Education validation process (Robertshaw
et al. 2015). The specific requirements for each unit varied but typically included
accessing all provided materials and engaging in a discussion; with some units
requiring completion of a multiple choice quiz. The aim of using badges was to give
learners recognition for achieving the learning outcomes in each unit they chose to
study. In this way we are moving into the realm of micro-learning—a concept that
has emerged to not only mean smaller portions of learning, but also the flexibility
for learners to choose what and when to learn (Jomah et al. 2016).
Research methodology
The primary goal of the MOOCs was to deliver high quality learning experiences
for the enrolled learners. The factors affecting this experience were to be analysed;
but as complete courses individual features could not be tested in isolation. For this
reason, a design-based research methodology was chosen. Applying the same course
design structure to three MOOCs with different subjects and target audiences allows
a better analysis of how that design affected learner behaviour.
Learners completed three optional surveys during each MOOC. The ‘welcome
survey’ that collected intention and demographic data, and the midway survey that
sought their opinions on the course, were both standard components in all
Canvas.Net courses. In addition, learners were asked to complete a course review
survey at the end. This article focuses solely on the quantitative data generated from
the multiple choice questions in these surveys.
The Canvas.Net platform, as with many web-based applications, automatically
collected a vast amount of data—ranging from high-level learner submissions of
assessments and discussion posts, down to the lowest level of times and locations
for individual mouse clicks. Portions of this data are available through the web
interface for those with the appropriate level of permission (e.g. teachers and
support staff); such as grades attained in assessments. For this paper the lower-level
data was obtained through the available API. Software was written to make repeated
calls to the API, and then to collate and structure the data.
The key data harvested was the dates on which learners completed units, the
contributions that they made to discussions, dates of enrolment and last access, and
the total amount of time spent on the course. In some cases behaviour was inferred
from missing data—for example a learner with a blank value for their last login date
was known to have never logged into the course.
Learners could continue to enrol on the MOOCs up to one week before the end.
This provided some challenges in terms of assessing retention and unit completions
while the course was running—with learners both joining and leaving the courses
daily (where leaving results in much of their data being removed). Learners also
continue to have limited access to the MOOC once it has completed, which further
corrupts the data. For these reasons the required data was collected in totality the
day after each MOOC closed.
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Definitions of learner participation
The literature provides a number of different categorisations for learners. Of
particular relevance to this article are the more concrete definitions that allow direct
comparisons to be made between MOOCs. These typically focus on the end state of
the learner after they have ceased interacting with the MOOC, and several are
summarised in Table 1.
Our use of these categories, and the relation to other authors’ definitions is
discussed below:
Enrolled Generally the most widely advertised metric is the total number of
individuals who have gone through the registration process, to be eligible to access
materials on the MOOC. When Future Learn (2015) announced the largest MOOC
that had ever run, with 440,000 learners, the figure was for enrolments.
Active Learners in this category are those who are recorded are recorded as
having accessed the materials, or at least logged into the course, once it has started.
The comparison in Table 1 shows that the categorisation used in this article is less
granular in differentiating active learners. Both Nelson (2014) and Ho et al.
(2014, 2015) differentiate based on repeated activity, while Huin et al. (2016)
differentiate based on learner intention. Neither of those aspects are the focus of this
article.
Engaged Learners in this category are those that have actively contributed to the
course, through submissions to quizzes, discussions, assignments etc. It should be
noted that this metric does not necessarily indicate an increased level of activity per
se. A learner may fully engage with retrieving materials and undertaking their own
learning, but choose not to demonstrate any of the activity through contributions. In
this manner their level of learning is unchallenged and un-evaluated, but not
necessarily at a lower level. The use of engaged in this article matches Future
Learn’s social category (as reported by Nelson 2014) because contributions to
discussions was fundamental to engagement with our MOOCs. There were only a
few areas (some quizzes) where learners could register engagement that was not
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social. The MOOCs did include some interactive materials, statistics on their use
was not individually recorded.
Achieved This category is fundamental to the design of the presented MOOCs.
The modular design and awarding of badges allowed learners to gain recognised
achievement, without needing to complete the entire course.
Completed A final metric considered in this paper is the number of completions.
This is the number of learners who can be considered to have completed the entire
course.
These can be viewed as a progression of nested categories, e.g. a learner must be
active before they can be classed as engaged. However, learners are only assigned to
one category for the purpose of reporting; which will be the category that takes them
closest to completion. This continues the assumption that completion of the entire
course is the ideal situation.
Results
Overview of learner participation
Figure 1 applies the proposed categorisation of learners to the three MOOCs that
were delivered. Through analysing the data all learners could be easily categorised,
and there were no overlaps between categories.
Evidence of different learner goals
A total of 735 learners completed the welcome survey for the dementia MOOC,
which represented 35.5% of active learners. The majority of the respondents (477)
said that they expected to fully engage with the course; which leaves 258 who from
the outset did not intend to fully complete (35.10% of respondents). For Digital.Me
966 learners completed the welcome survey (68.75% of active learners), and 445



















Enrolled Acve Engaged Achieved Completed
Fig. 1 Overview of MOOCs using proposed metrics
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Operations Management 907 learners completed the welcome survey (55.61% of
active learners), with 331 (36.94% of respondents) indicating that they did not
intend to fully engage. Alternative intentions were to go through all materials but
not engage in assessment, to ‘check the course out’ but not engage in assessment, or
to only partially interact with sections of the course that they were interested in.
Although unit 1 was considered the first on the course, some learners on all three
MOOCs took the opportunity to start with a different unit. The figures were 7.08%
of learners on Digital.Me, 6.17% of learners on Dementia, and 5.15% on Operations
Management. There were also groups of learners that completed at least one unit,
but never completed unit 1. These figures were 2.65% of learners on Digital.Me,
2.08% Dementia, but only 0.33% on Operations Management.
Completion of units
A substantial number of learners registered but never accessed the course—31.61%
for Digital.Me, 26.29% for Dementia and 33.51% for Operations Management. The
figures are consistent with a general trend in MOOCs (Onah et al. 2014). For this
reason the initial analysis was performed against active learners—those that logged
into the course at least once. In Digital.me 15.59% of active learners (9.40% of
those enrolled) completed the course; 35.47% (23.96%) completed the Dementia
course; 22.32% (14.84%) completed the Operations Management course—where
course completion meant meeting the requirements for all six units of a course.
Figure 2 shows the percentage of active learners that completed each unit of the
course. Note that the figures shown for completing unit 6 is different to the
figures reported above for completing the course (all six units). Since all content
was open from the beginning, there were learners who chose to complete unit 6 that
did not complete all of the other five. This theme is explored in greater depth
elsewhere in this article.
31.32%
23.99%













unit 1 unit 2 unit 3 unit 4 unit 5 unit 6
Digital.Me Demena Operaons Management
Fig. 2 Learners completing units as a percentage of active learners
152 M. Leach, S. M. Hadi
123
The percentage of badges awarded, relative to the total number that could have
been awarded to active learners, provides another metric for judging learner activity.
For example, in Dementia 2072 learners were active, and so across all 6 units a
maximum of 12,432 badges could have been awarded. In total 5417 badges were
actually awarded on the Dementia course, which translates to 43.57% of the
potential maximum. For Digital.me 20.49% of available badges were awarded to
active learners, and for Operations Management the figure was 36.20%. In all cases
these figures are higher than the course completion percentages, but are still
legitimate measures of learning that has taken place.
The pattern through which learners completed units also provides interesting
insights into their behaviour. Figures 3 and 4 show this pattern of completion—with
each learner represented by a single line that shows on what date they completed
each unit.1
There is a strong diagonal feature which represents a large portion of the learners
following the weekly pace of each course—in line with the provided support. It is
important to note that the only horizontal lines in the figures come from the data
itself, and indicate that two units were completed on the same date. In some cases a
learner may only have completed two units on the same date, but in both Dementia
and Digital.Me around 10% of learners completed the entire course in one day. For
Operations Management the figure was slightly higher at 15%.
Also note that lines going diagonally downwards (higher on left than the right)
represent units being completed out of sequence. This variation in order is better
Fig. 3 Pattern of unit completion for dementia
1 The tools used to create the visualisations in Figs. 3, 4, 5, 6 and 7 have been made available for other
researchers that may find them of use at https://github.com/Thoughtfulmonkey/deby-mooc-data-vis.
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visualised in a state diagram, as recommended by Coffrin et al. (2014) and shown in
Figs. 5, 6 and 7.
Here each circle is a unit—with size denoting number of completions. A line
entering from above indicates the number of learners that started with that unit, and
the line below is the number of learners for which that was their last unit completed.
Curved lines above represent learners choosing which unit to move onto next, while
curved lines below represent back-tracking to complete an earlier unit. Again this
Fig. 4 Pattern of unit completion for operations management
Fig. 5 State diagram representing the order in which units were completed—Digital.Me
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demonstrates a core body of learners moving linearly through the course, but also
some learners taking different approaches.
Although most learners completed each course in a much shorter time than the
six scheduled weeks, this did not translate into spending less time on the course.
Figure 8 compares the gap in days between the first and sixth units completed,
against total time logged on Dementia. There is only a small positive correlation
between these datasets of 0.12 (and 0.08 for Digital.Me), and we can see that
completing all six units within 3 days compares well to spreading activity over
29 days.
Fig. 6 State diagram representing the order in which units were completed—dementia
Fig. 7 State diagram representing the order in which units were completed—operations management
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Modular flow
Evidence for learner activity within specific units comes from dates when those
units were completed, but also more tellingly from the dates of posts in the
discussions. There were on average twice as many posts in the supported unit than
any of the others, with 2.02 times as many in Digital.Me, 2.22 times as many in
Dementia, and 2.45 times as many in Operations Management. This indicates that in
each week of the MOOCs more activity took place in the week that was currently
being supported, than in any of the other weeks.
Although the increased discussion activity represents a large number of learners
that were synchronised with the current week (e.g. participating in Unit 2 during
week 2), it should be noted that combined together more activity was taking place in
unsupported units than supported ones. That is to say that although in week 3 more
discussions were taking place in unit 3 than any of the other units, combined
together the discussions in units 1, 2, 4, 5 and 6 were higher. In Digital.Me an
average of 65.8% of overall posts were made in an unsupported week, for Dementia
the figure was 58.4%, and for Operations Management the figure was 59.8%.
Conclusions and recommendations
By awarding badges for achievements on each unit, many more learners gained
recognition of their achievements than if there had just been a completion
certificate. In Digital.me 451 learners gained badges (compared to 209 being
rewarded by the completion certificate); in Dementia 1198 learners gained badges
(compared with 527 certificates); in Operations Management 602 learners gained
badges (compared with 364 certificates).
The higher percentage of learners who’s only recognition came from badges,






















Day Spread Betwen First and Last Units Completed
Fig. 8 Distribution of time logged on course against gap in days (up to 35) between completing first and
sixth units, for learners that completed the course. Top whiskers not shown
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in MOOCs that is not reflected in overall completion rates. This suggests that when
measuring learning success or completion in MOOCs, this micro learning needs to
be taken into account. However, designing modular MOOCs should not be just
about providing recognition for individual segments of the course. Instead these
modules should also have clear learning outcomes and assessment criteria to
maintain academic integrity.
The second aim of the open, modular approach was to provide learners with more
freedom in how they approached the course, and this is certainly evident in the data.
The presented graphs show learners taking non-standard routes through the courses,
and the discussion data shows the majority of activity taking place outside of what
would be considered the supported schedule.
The diverse range of abilities, intentions and behaviours make identifying any
patterns almost impossible. There were no correlations between data sets such as
amount of time logged, duration to complete the course, amount of contributions to
discussions, and the quality of contributions. Learners joined at different times and
completed different units, with the majority of activity taking place outside of the
supported week. If the aim is to provide beneficial materials to as wide an audience
as possible then a certain amount of chaos may have to be embraced.
Further research
There is the potential to go further—using a purely modular structure without
sequence or hierarchy, where learners are not just allowed but actively encouraged
to choose their own sequence.
The considered metrics are useful for making direct comparisons between
MOOCs, but lack a detailed classification that attempts to establish motivations and
background experiences. A system for this is presented by Huin et al. (2016); but
also by Khalil et al. (2016) who have used clustering techniques to group learners
into four distinct categories: drop-outs; gamblers, who attempt to complete with
minimal effort; sociable students, who had high levels of engagement but low
scores; and perfect students, who had high levels of engagement and success. These
are categories that seem, superficially at least, to be evident in our data, and warrants
further investigation.
Bali (2014) and Ho et al. (2014) suggest placing less emphasis on course
completion and completion rates. Given this, an area for further research is the
exploration of minimal criteria to ‘‘complete’’ a course, but with more engaging and
challenging optional stretch activities. When scores do not contribute to the final
grade then more accurate assessments of student progress might be discerned.
There is significant focus on what constitutes success on the part of the learners;
but the proposed categorisation may also allow the success of the course to be
evaluated. Drop-offs from one category to another may highlight issues with aspects
such as course design or materials. If a learner becomes active but not engaged,
were the discussion topics not enticing enough? If a learner becomes engaged but
does not achieve anything, did the materials not adequately prepare them for a quiz?
As such the transitions between categories could be a fruitful area of research.
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As part of the welcome survey learners are asked to indicate their intention (how
much they intend to engage), as well as various demographic information.
Segmenting the data along these lines may reveal different behaviours and is work
that will be undertaken in the near future.
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